The demand for a ubiquitous and accurate indoor localization service is continuously growing. Despite the pervasive nature of cellular-based solutions, their localization quality depends on the number of cell towers provided by the phone. According to the standard, any cell phone can receive signal strength information from up to seven cell towers. However, the majority of cell phones usually return only the associated cell tower information, significantly limiting the amount of information available to the location determination algorithm. In this paper, we present SoloCell: a novel deep learning-based indoor localization system that utilizes the signal strength history from only the associated cell tower to achieve a fine-grained localization. SoloCell incorporates different modules that lessen the data collection effort and improve the deep model's robustness against noise. Evaluation using different Android phones shows that SoloCell can track the user with a median localization error of 0.95m This accuracy demonstrates the superiority of SoloCell compared to the state-of-the-art systems by at least 210%.
INTRODUCTION
With the proliferation of mobile devices, indoor localization has gained great attention which has been driven even further by the availability of APIs to access different sensors and cellular/WiFi information which may be used for localization purposes. WiFibased indoor localization systems , e.g. [1] estimate the phone location in an environment that is well-covered by WiFi signals.
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Since all phones support cellular technology, this can be exploited to provide a widespread localization service that can work with virtually any cellphone. According to the standards, each cell phone can receive signals from at most seven cell towers, one of which is the associated cell tower and the others which are neighboring cell towers. Current cellular-based localization techniques [2] [3] [4] [5] are designed to capture the signature of the received signal strength (RSS) from the multiple cell towers and their quality depends on the density of cell towers in the area of interest. However, many cell phones, even modern ones; do not provide access to the neighboring cell towers' information. Consequently, the accuracy of these techniques drop significantly when they are used with a single cell tower. This gives rise to the challenge of providing precise and robust localization with minimal cell tower information.
RESEARCH CONTRIBUTION
In this paper, we propose a deep learning-based cellular localization scheme harnessing only the associated cell tower information. The main idea is to use a recurrent neural network, leveraging the history of the changes in the associated cell towers and their RSS to learn the inherent dependency between their consequent measurements in order to obtain accurate localization. As part of the design of SoloCell, we introduce the Spatial Interpolator module that can automatically generate synthetic cellular data for any location in the environment, increasing the learning capability of the deep model. This also leads to reduction of the efforts required during the fingerprinting (data collection) process. In addition, we design a Trace Generator module to artificially construct user traces without war-driving overhead. Finally, SoloCell employs different regularization techniques to avoid model over-training. Figure 1 shows the system architecture. SoloCell works in two stages: an offline training stage and online tracking stage. SoloCell initializes the offline stage by obtaining cell information representing the associated cell tower ID coupled with its corresponding RSS at few sparse seed points in the area of interest. This is accomplished by The Fingerprint Collector App running on the phone. The Spatial Interpolator module is used to extend the sparse seed points by generating synthetic measurements of new points. This helps not only in reducing the fingerprinting overhead but also in the model generalization to unseen data. All these points are then fed to the Trace Generator module to generate traces that emulate a user movement in the environment, further reducing the data collection overhead. Depending on these traces, the History Builder module is used to construct a measurement history in the form of temporal sequences. The Model Constructor module builds and trains a deep model to provide a localization service while also searching for its optimal parameters. Finally, the trained model is stored and is leveraged by the Location Estimator module during the online phase. In the online phase, the user is tracked in real time by capturing the associated cell tower information (ID and RSS) at the current unknown location. This data is first augmented with the recent history by the History Builder module. Then, the Location Estimator module feeds that historical data to the deep model constructed in the offline phase to locate the user. The following sections describe these modules in detail.
System Architecture

Spatial Interpolator
In practice, the size of the training data influences the accuracy of deep models. To provide reasonably large training data without incurring high overhead on the user, we generate synthetic cell measurements by interpolating between the collected cellular data at few seed points. In the core of this module, we employ a KNN-Regressor due to its robustness to noisy data.
Trace Generator
The goal of this module is to simulate user movement inside the area of interest by constructing spatial traces from the discrete points that are output by the Spatial Interpolator module to train the deep network. Specifically, at each point, the module selects one of the eight adjacent points or stay stationary at the current position using a discrete HMM with equal transition probability. Moreover, RSS measurements corresponding to trace points are then forwarded to the History Builder module for further processing.
History Builder
This module is used to prepare the historical data for the recurrent neural network during offline and online phases. This involves segmenting the trace into fixed-length sequences, such that the beginning of each sequence overlaps with the end of the preceding sequence i.e successive sequences are shifted by one timestep. More formally, the History Builder module converts a list of n readings to a list of sequences; each of length m timesteps and constitutes (-210%) 3.08 (-95%) 6.14 (-7.7%) SkyLoc [2] 4.03 (-324%) 3.84 (-143%) 9.61 (-69%) SVM [5] 5.13 (-440%) 4.49 (-184%) 8.35 (-46%) m − 1 historical RSS observations in addition to the current RSS reading. Therefore, at a time t, we have the vector s = (s t −m , .., s t ) as the model's input.
Model Constructor
SoloCell adopts LSTM units to construct a recurrent neural network. The input layer of the network is a long trace partitioned to sequences of some length. The input features are RSSs from the associated cell towers detected in the area of interest. The output layer consists of two neurons corresponding to the 2D spatial coordinates (x, y). LSTMs are known to have a tendency to overfit to the training data, reducing their predictive skill. Therefore, we utilized two regularization techniques: First, we use dropout to probabilistically exclude input and recurrent connections to LSTM units from activation and weight updates while training a network. Second we leverage early stopping so that the training would terminate once the validation set no longer obtains performance improvements.
Location Estimator
During the online phase, a user is at an unknown location receiving cellular signals from the associated tower. The observation at the current time (t) as well as those at the prior (m −1) timesteps are fed to the deep model to estimate the current user location (x(t), y(t)).
EVALUATION
In this section we compare SoloCell performance to three state-ofthe-art cellular-based localization systems: CellinDeep [4] SkyLoc [2] and the SVM in [5] . Results show that SoloCell operates with improvements in median error of 210%, 324% and 440% compared to the CellinDeep, SkyLoc and SVM systems respectively. In summary -as shown in Table 1 -SoloCell performs better than the state-of-theart systems in all tests. This confirms the reliability of SoloCell as an accurate system for ubiquitous cellular-based indoor localization.
